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Abstract 

This study proposes a transfer learning framework for water quality classification in tilapia 

(Oreochromis niloticus) biofloc systems, leveraging a fuzzy inference system (FIS) previously 

developed and validated for catfish (Clarias gariepinus) biofloc monitoring as the source-domain 

model. Transfer is performed at the parameter level by shifting the trapezoidal membership-function 

boundaries to tilapia physiological thresholds, leaving the rule base and inference structure 

unchanged. Because a Mamdani FIS is knowledge-driven (its parameters are derived from the 

literature rather than learned from data), evaluation is conducted on a 200-sample literature-anchored 

synthetic tilapia dataset generated from Scopus-indexed biofloc parameter ranges and anchored to the 

noise characteristics of real IoT sensors from the same device; the synthetic set acts as a test bench 

that deliberately covers boundary conditions that are rare and unethical to induce in a live pond. The 

Transfer-FIS is compared with an Unadapted Source-FIS and a Scratch-FIS optimized entirely on 

tilapia data. The Transfer-FIS achieves 98.00% accuracy and a macro F1-score of 0.9733; a Wilcoxon 

signed-rank test over 10-fold cross-validation detects no statistically significant difference from the 

Scratch-FIS (98.50%, F1 = 0.9790; p = 1.000; Cohen’s d ≈ 0.21). Taking Non-Ideal as the positive 

class, the Transfer-FIS produces zero false negatives (missed alarms) whereas the Scratch-FIS 

produces three, and the Transfer-FIS reaches ~97% accuracy with only 20 target samples. These 

findings indicate that parameter-level fuzzy transfer is a viable, data-efficient, and operationally 

conservative strategy; validation on field-collected tilapia data is identified as the next step. 

Keywords: biofloc technology,  fuzzy inference system, Oreochromis niloticus, synthetic data,  

tilapia aquaculture, transfer learning, water quality monitoring 

 

1 Introduction 

Aquaculture is one of the fastest-growing food production sectors globally, with Nile tilapia 

(Oreochromis niloticus) and catfish (Clarias sp.) ranking among the most cultivated freshwater 

species in Southeast Asia, particularly in Indonesia. Nile tilapia (ikan nila) has specific water-quality 

requirements to ensure optimal growth and survival. The tolerable pH range for tilapia culture is 

approximately 6.5–9.0, and growth performance is optimal at pH 7–8, with significant reductions at 

pH 6 and pH 9 [1], [2], [3]. Deviations outside this range impair growth, alter haematological indices, 

and increase stress [2], [4], [5]; in biofloc systems specifically, pH 6.5–7.5 yielded the best growth 

and net yield while maintaining good health status [5]. Tilapia can tolerate the upper part of this 

range; however, the water should remain well-buffered against rapid fluctuations [2], [6]. 

Turbidity is another critical parameter in the management of tilapia ponds. High turbidity 

indicates elevated levels of suspended particles, which affect light penetration and the productivity of 

phytoplankton that support the fish’s natural diet [7], [3]. In clear-water ponds turbidity below about 

50 NTU is preferred, whereas biofloc systems operate at intrinsically higher turbidity because 

suspended microbial flocs are part of the production concept; an operational upper threshold of 150 

NTU is therefore adopted here for tilapia biofloc (Table 1). Excessive suspended solids induce 

structural changes in the gills and are associated with reduced growth [8]. Effective management 

mailto:estananto@telkomuniversity.ac.id


Sistemasi: Jurnal Sistem Informasi                                     ISSN:2302-8149 

Volume 15, Nomor 10, 2026: 3975-3989                         e-ISSN:2540-9719 

http://sistemasi.ftik.unisi.ac.id 

 
 

3976 
 

practices, including continuous monitoring and IoT-based control, help keep turbidity within 

acceptable levels [9]. 

Temperature is a vital factor influencing the health and growth performance of tilapia. The 

preferred range for optimal growth is generally 25–30°C, with temperatures above 30°C potentially 

leading to stress and reduced growth rates [10]. Temperature drives metabolic rate, including oxygen 

consumption and other physiological functions [11]. Maintaining consistent temperature is essential, 

as thermal fluctuation exacerbates physiological stress [11]. Implementing systems to monitor and 

manage water temperature is therefore crucial in maximizing tilapia production within commercial 

ponds [1], [12]. 

The adoption of Biofloc Technology (BFT) has gained significant momentum owing to its 

advantages for maintaining water quality, recycling microbial nitrogen, and reducing water-exchange 

requirements. However, effective management of biofloc systems depends critically on continuous 

monitoring and timely classification of water-quality status [13]. 

Fuzzy logic-based decision systems have demonstrated strong performance in water-quality 

classification, particularly in aquaculture environments where sensor readings are inherently uncertain 

and parameter thresholds vary across species and rearing conditions. Previous work by the authors 

established a fuzzy decision framework for real-time water-quality classification in catfish biofloc 

systems, distinguishing Ideal from Non-Ideal conditions on the basis of pH, turbidity, and temperature 

[10]. 

Despite these advances, a critical limitation remains: most aquaculture monitoring models are 

designed and validated for a single species, requiring complete reconstruction of decision rules, 

membership functions, and datasets when applied to a new target species. This species-specificity is a 

significant barrier to scalability, particularly in resource-limited contexts where data-collection 

infrastructure is constrained. A second, closely related limitation is data scarcity itself: aquatic 

monitoring is characterized by low sampling frequency, limited spatial coverage, and high 

experimental cost, so that labelled datasets for a new species are typically small and dominated by 

“normal” conditions, while the Non-Ideal states that a monitoring system must detect are rare, and 

deliberately inducing them in a stocked pond is neither ethical nor practical [14]. 

Transfer learning offers a principled solution to the first limitation. By leveraging knowledge 

from a well-characterized source domain and adapting it to a target domain with limited labelled data, 

transfer learning can substantially reduce the time and cost of deploying classification systems for 

new species [15]. Synthetic, knowledge-anchored data offer a complementary answer to the second 

limitation: when a model is knowledge-driven (as a Mamdani FIS is) rather than data-driven, 

synthetic data serve not to train the model but to exercise its decision boundaries across the full 

operating envelope, including hazardous states that cannot be produced on demand in the field. This 

simulation-to-real paradigm is well established in robotics [16], [17], healthcare [18], and smart 

farming [19], and has recently been applied to tilapia water-quality decision support [20]. While 

transfer learning has been widely applied in image recognition and remote sensing [21], its application 

to fuzzy-based aquaculture monitoring remains largely unexplored. 

This study therefore proposes a transfer-learning framework for water-quality classification in 

tilapia biofloc systems that uses the previously validated catfish fuzzy decision model as the source 

domain. The framework involves (1) structural transfer of the fuzzy rule base and inference engine 

from the catfish model, (2) parameter-level adaptation of the trapezoidal membership-function 

boundaries using tilapia-specific thresholds derived from Scopus-indexed biofloc literature, and (3) 

evaluation on a literature-anchored synthetic tilapia dataset against two baselines: an Unadapted 

Source-FIS and a Scratch-FIS optimized entirely on tilapia data. The contributions are: (i) the first 

investigation, to the authors’ knowledge, of parameter-level FIS transfer across fish species in biofloc 

monitoring; (ii) a transparent and reproducible synthetic-evaluation protocol with an explicit argument 

for its validity; (iii) a safety-oriented evaluation in which Non-Ideal is the positive class and missed 

alarms (false negatives) are the primary risk metric; and (iv) a learning-curve analysis quantifying the 

data efficiency of transfer. 
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2 Related Work 

2.1 Water Quality Monitoring in Aquaculture Systems 

Effective water-quality management is a cornerstone of productive and sustainable aquaculture. 

Conventional monitoring relies on periodic manual measurements of physicochemical parameters, 

which are insufficient to detect rapid fluctuations in intensive biofloc systems. The integration of 

computational intelligence has substantially improved the expressiveness and adaptability of water-

quality decision systems, shifting from simple threshold-based alerts to data-driven and hybrid 

approaches that learn from historical observations while accommodating measurement uncertainty 

[22], [23]. 

 

2.2 Fuzzy Logic Systems for Aquaculture Water Quality Classification 

Fuzzy logic systems are particularly well suited to water-quality assessment because they model 

continuous, overlapping parameter ranges with linguistic variables and produce interpretable outputs 

aligned with expert decision-making [24]. Several studies have applied Mamdani-type FIS 

architectures to classify pond water quality in tilapia and other freshwater farms, incorporating 

parameters such as dissolved oxygen, pH, temperature, turbidity, and ammonia [25], [26], [27], [28]. 

Beyond freshwater species, fuzzy logic has also been combined with data-driven classifiers to 

automate water-quality recovery in brackish-water shrimp ponds: a recent study coupled a K-Nearest 

Neighbors diagnostic module with fuzzy control of aerators, pumps, and drainage for Vannamei 

shrimp (Litopenaeus vannamei), reporting 95% diagnostic accuracy [29], underscoring the continuing 

relevance of fuzzy decision logic for real-time water-quality management across aquaculture species. 

Adaptive Neuro-Fuzzy Inference Systems (ANFIS) further extend this capability by enabling data-

driven optimization of membership-function parameters. 

The authors’ prior work established a fuzzy decision framework for catfish (Clarias sp.) biofloc 

systems, monitoring pH, temperature, and turbidity via IoT sensors and classifying water quality as 

Ideal or Non-Ideal using a Mamdani FIS [10]. In that study the system output agreed with the field 

operator’s assessment on all sampled readings and was validated against field sensor data. This model 

serves as the source domain for the transfer-learning framework proposed here; its re-evaluation under 

the harmonized labelling protocol of the present study is reported in Section 4.1. 

 

2.3 Machine Learning Approaches for Tilapia Water Quality Management 

The application of machine learning to tilapia aquaculture has grown considerably, driven by the 

global commercial importance of O. niloticus. A recent contribution benchmarked six algorithms 

(Random Forest, Gradient Boosting, XGBoost, Support Vector Machines, Logistic Regression, and 

Neural Networks) together with a Voting Classifier ensemble for tilapia water-quality management 

decisions, using a scenario-based synthetic dataset balanced with SMOTE-Tomek [20]. Deep learning 

approaches such as LSTM networks have also been explored for time-series forecasting, but they 

require substantially larger datasets than fuzzy or shallow models and are sensitive to limited 

historical records [30]. 

 

2.4 Synthetic and Simulation-Derived Data for Evaluation under Data Scarcity 

Synthetic data have become an accepted instrument in domains where real labelled data are 

scarce, costly, privacy-restricted, or dangerous to acquire. In medicine, synthetic data are used to 

augment rare conditions and to stress-test models before deployment [18]. In robotics, the simulation-

to-real (sim-to-real) paradigm trains or verifies controllers in randomized simulations whose 

parameter distributions deliberately cover the range of conditions expected in reality; when the 

synthetic distribution is broad enough to contain the real operating envelope, the resulting models 

transfer to physical systems, and the residual “reality gap” is closed with a small amount of real data 

[16], [17]. In smart farming, variational autoencoders and generative adversarial networks are used to 

generate synthetic agronomic records that mimic real-world conditions when labelled data are limited 

[19]. Reviews of machine learning under small-data conditions in aquatic environments explicitly 

recommend knowledge-driven data augmentation and transfer learning as the primary remedies for 
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low monitoring frequency and high experimental cost [14]. Within tilapia aquaculture, Alnemari et al. 

built and cross-validated a decision-support system entirely on a scenario-based synthetic dataset [20]. 

Two properties of the present study make synthetic evaluation particularly appropriate. First, the 

model under test is a knowledge-driven Mamdani FIS whose membership-function parameters are 

fixed a priori from physiological literature (Section 3.3); the synthetic data therefore never influence 

the Transfer-FIS design and cannot be “memorized” by it. Their role is that of a verification test 

bench that exercises every region of the input space, exactly as randomized simulation is used to 

verify controllers before field deployment. Second, the labels of the synthetic samples are defined by 

a crisp threshold rule derived from the same literature, so that the evaluation measures a well-posed 

question, namely whether the transferred fuzzy decision surface reproduces literature-defined tilapia 

tolerances, including at boundary and multi-parameter-violation conditions that occur rarely in a 

healthy pond and that cannot ethically be induced in a stocked one. Field validation remains necessary 

to quantify the reality gap and is planned as the next step. 

 

2.5 Transfer Learning in Environmental and Biological Monitoring 

Transfer learning is formally defined as improving learning in a target domain by leveraging 

knowledge from a related source domain [15]. In environmental monitoring it has been applied to 

land-cover mapping, crop-type classification, and air- and water-quality estimation, consistently 

improving target-domain performance relative to models trained from scratch, particularly when 

target labels are scarce [21]. Within fuzzy systems, multiple-source fuzzy transfer learning and 

source-free fuzzy domain adaptation have shown that fuzzy rule structures can be reused across 

domains with limited target data [31], [32]. 

Transfer strategies are broadly categorized as instance-based, feature-based, parameter-based, 

and relational [15]. This study employs parameter-based transfer, adapting the membership-function 

boundaries of the source fuzzy model using species-specific physiological thresholds. To the best of 

the authors’ knowledge, no prior study has investigated the transferability of FIS parameters across 

fish species in biofloc aquaculture monitoring, which represents the novel contribution of this work. 

 

3 Methodology 

3.1 Source Domain: Catfish Biofloc Fuzzy Decision Model 

The source domain consists of real monitoring data and a Mamdani-type FIS developed for 

catfish (Clarias gariepinus) biofloc systems [10]. Three water-quality parameters are monitored: pH, 

turbidity (NTU), and water temperature (°C). The FIS employs trapezoidal membership functions 

defining three linguistic terms per input (Acid/Neutral/Alkali for pH; Low/Intermediate/High for 

turbidity; Cold/Intermediate/Hot for temperature) and produces two output classes, Ideal and Non-

Ideal. The catfish source dataset comprises 20 real IoT sensor samples collected on 7 June 2024 

between 00:30 and 10:00 with the monitoring device shown in Fig. 1. 

Two accuracy figures are associated with this source model and must be distinguished. In the 

original study [10], the FIS output agreed with the field operator’s assessment on all 20 samples 

(100%); the operator’s judgement served as the ground truth and accepted pH values slightly below 

6.5 as tolerable for catfish. In the present study, the same 20 samples are re-scored against the 

harmonized crisp threshold protocol of Table 1 (pH 6.5–8.5, 25–30°C, <200 NTU) so that the source 

and target domains share an identical labelling rule. Under this stricter protocol, three samples with 

pH 6.00, 6.15, and 6.20 are labelled Non-Ideal, and the source FIS classifies them as Ideal, yielding 

the 85.00% accuracy reported in Section 4.1. The two figures are therefore not contradictory; they 

reflect two labelling protocols, and the harmonized protocol is used throughout this paper. 

 

3.2 Target Domain: Literature-Anchored Synthetic Tilapia Dataset 

No field-labelled tilapia biofloc dataset with the same three sensors was available at the time of 

the study, and Non-Ideal conditions cannot be deliberately induced in a stocked pond. The target 

domain therefore comprises 200 synthetic samples generated by the following protocol. 
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First, the Operating envelope is determined. Species-specific tolerance ranges for O. niloticus in 

biofloc systems were taken from Scopus-indexed literature [33], [5], [34] and are summarized in 

Table 1 together with the catfish ranges used for the source domain. 

Second, Sampling is set. Each sample is a triple (pH, turbidity, temperature). For each parameter, 

values were drawn independently from a mixture of (a) a uniform distribution over the tilapia 

tolerance band (Table 1) and (b) uniform distributions over the adjacent out-of-range bands (pH 5.0–

6.5 and 8.5–10.0; turbidity 150–250 NTU; temperature 20–26°C and 30–36°C), with the mixture 

weight chosen so that approximately one quarter of the samples violate at least one threshold. The 

out-of-range bands extend to values that are physiologically stressful but still within the measurement 

span of the sensors in Fig. 1. 

Third, Sensor realism is determined. The empirical spread of the 20 real IoT readings of the 

source device (standard deviation of successive readings of the same probe) was used as additive 

Gaussian measurement noise on every synthetic value, so that the synthetic samples carry the noise 

signature of the actual sensors rather than idealized values. 

Fourth. A sample is labeled Ideal if and only if all three parameters lie within the tilapia band of 

Table 1, and Non-Ideal otherwise. This produced 152 Ideal (76%) and 48 Non-Ideal (24%) samples. 

Of the 48 Non-Ideal samples, most violate a single threshold, and the remainder violate two or three, 

so boundary-region and multi-violation states are both represented. 

Fifth, Reproducibility should be secured. Generation used a fixed pseudo-random seed; the 

generator script and the resulting 200-row dataset are available from the corresponding author on 

request. 

 

Table 1 Optimal water quality parameter ranges for catfish and tilapia in biofloc systems 

(labelling thresholds) 

Parameter Catfish (Clarias 

sp.) [10] 
Tilapia (O. 

niloticus) [33], 

[5], [34] 

Temperature (°C) 25 – 30 26 – 30 

pH 6.5 – 8.5 6.5 – 8.5 

Turbidity (NTU) < 200 < 150 

 

The synthetic set is used exclusively for evaluation (and, in the Scratch-FIS baseline and 

learning-curve experiments, for optimization of the baseline). The Transfer-FIS parameters are fixed 

from the literature before drawing any synthetic samples, so the dataset cannot bias its design. Three 

checks support the plausibility of the synthetic distribution: (i) the parameter ranges and noise levels 

are inherited from real biofloc measurements and real sensors; (ii) the Unadapted Source-FIS, which 

was designed on real catfish data and never exposed to the synthetic set, already reaches 97% 

accuracy on it (Section 4.2), which is consistent with the known ecological overlap of the two species 

and would not be expected if the synthetic distribution were pathological; and (iii) the synthetic Non-

Ideal proportion (24%) is comparable to the proportion of out-of-range readings observed in the real 

catfish log (15%, three of 20). The remaining gap between synthetic and field distributions is 

acknowledged as a limitation (Section 5) and is the subject of ongoing field validation. 

 

3.3 Knowledge Transfer Strategy 

The proposed method is a parameter-level transfer. The structural components of the source FIS 

(rule base, inference engine, and defuzzification method) are retained without modification. Only the 

membership-function boundary parameters are adjusted to tilapia physiological tolerances, 

specifically the stricter turbidity threshold (<150 NTU vs. <200 NTU) and the elevated cold-

temperature boundary (26°C vs. 25°C); the pH membership functions are unchanged because both 

species share the 6.5–8.5 band. Table 2 lists the trapezoidal parameters [a, b, c, d] of every input term 

for the source and the adapted models, and Fig. 2 plots the adapted functions. Note that shaded rows are 

the terms changed by transfer. The adapted system is hereafter referred to as the Transfer-FIS. 
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Table 2 Trapezoidal membership-function parameters [a, b, c, d] of the source (catfish) FIS and 

the adapted Transfer-FIS (tilapia) 

Input / term Source-FIS (catfish) Transfer-FIS (tilapia) 

pH – Acid [3, 3, 6.0, 6.5] [3, 3, 6.0, 6.5] 

pH – Neutral [6.0, 6.5, 8.0, 8.5] [6.0, 6.5, 8.0, 8.5] 

pH – Alkali [8.0, 8.5, 12, 12] [8.0, 8.5, 12, 12] 

Turbidity – Low [0, 0, 100, 150] [0, 0, 50, 100] 

Turbidity – Intermediate [100, 150, 150, 200] [50, 100, 100, 150] 

Turbidity – High [150, 200, 250, 250] [100, 150, 250, 250] 

Temperature – Cold [15, 15, 23, 25] [15, 15, 24, 26] 

Temperature – Intermediate [23, 25, 28, 30] [24, 26, 28, 30] 

Temperature – Hot [28, 30, 42, 42] [28, 30, 42, 42] 

 

3.4 Baseline Model (Scratch-FIS) 

To quantify the benefit of transfer, a baseline FIS (Scratch-FIS) with the identical architecture 

(same inputs, three trapezoidal terms per input, same rule base, min–max inference, and centroid 

defuzzification) is constructed without any source-domain knowledge and optimized on tilapia data 

only. The procedure is as follows. 

(1) Initialization. Each input universe of discourse is divided into three equal-width trapezoids 

(uniform partition) and every breakpoint (a, b, c, d) is perturbed by a random offset drawn uniformly 

from around 10% of the universe width, subject to the ordering constraint a ≤ b ≤ c ≤ d. Ten 

independent random initializations (restarts) are generated. 

(2) Objective. The macro-averaged F1-score on the training portion of the current fold (Section 

3.5) is maximized; macro F1 is used rather than accuracy because of the 76/24 class imbalance. 

(3) Search. From each initialization, a coordinate-wise local search is applied: each breakpoint is 

moved in turn by a step of 2% of the universe width in the direction that improves the objective, the 

step is halved when no improvement is found, and the search stops when the step falls below 0.25% 

of the universe width or after 200 iterations. The restart with the highest training-fold objective is 

retained. 

(4) Control of leakage. Optimization uses training folds only; test folds are never seen during the 

search. The same pseudo-random seed is used for all experiments so that the Scratch-FIS and 

Transfer-FIS are compared on identical fold assignments and identical initial conditions. 

For the learning-curve experiment (Section 3.5), the Transfer-FIS is additionally fine-tuned with 

the same local search but starting from the literature-derived parameters of Table 2 and with the 

search radius restricted to around 5% of the universe width, so that transfer knowledge is refined 

rather than discarded. The Scratch-FIS starts from the random initialization described above. Table 3 

summarizes the settings. 
 

Table 3 Optimization settings of the Scratch-FIS baseline and of Transfer-FIS fine-tuning 

Setting Scratch-FIS Transfer-FIS (fine-tuning) 

Initial parameters Uniform partition + random offset (10% of 

universe) 
Literature values (Table 2) 

Search radius Unrestricted (ordering a ≤ b ≤ c ≤ d only) ±5% of universe width 

Objective Macro F1 on training folds Macro F1 on training folds 

Search method Coordinate-wise local search, 10 restarts Coordinate-wise local search, 1 start 

Step / stopping 2% of universe, halved on no gain; stop < 

0.25% or 200 iterations 
Same 

Seed Fixed (identical folds for all models) Fixed 
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3.5 Evaluation Protocol 

Following the standard convention for alarm systems, Non-Ideal is the positive class. A true 

positive (TP) is a Non-Ideal sample correctly flagged; a false negative (FN) is a Non-Ideal sample 

classified as Ideal, i.e., a missed alarm; a false positive (FP) is an Ideal sample classified as Non-Ideal, 

i.e., a false alarm; and a true negative (TN) is an Ideal sample correctly accepted. Missed alarms are 

the safety-critical error (Section 3.9). 

Model performance is assessed using accuracy, macro-averaged precision, recall, and F1-score 

on the full 200-sample set and across stratified 10-fold cross-validation (fold assignments identical for 

all models). Confusion-matrix counts (TP, FP, FN, TN) are reported explicitly. 

A two-sided Wilcoxon signed-rank test (α = 0.05) is applied to the paired fold accuracies of the 

Transfer-FIS and Scratch-FIS. The test can only assess whether a difference is detectable; a non-

significant result does not establish equivalence, which would require an equivalence test with a pre-

specified margin [35]. Accordingly, the paired mean difference and its standardized effect size 

(Cohen’s d) are reported alongside the p-value, and the wording “no statistically significant difference 

was detected” is used throughout. 

 Model performance is evaluated as a function of the training-data fraction (10% to 100% in 10% 

increments, stratified), with the remaining data held out for testing at each fraction (learning curve). 

 

3.6 Mamdani Fuzzy Inference System: Architectural Overview 

The Mamdani-type FIS, first developed in 1975 to govern a steam engine using linguistically 

structured IF–THEN expert rules [36], serves as the reasoning engine for both the Transfer-FIS and 

the Scratch-FIS. Unlike the Takagi–Sugeno–Kang (TSK) system, which replaces fuzzy consequents 

with crisp functions and omits defuzzification for computational efficiency, the Mamdani architecture 

retains fully fuzzy consequents, preserving the linguistic interpretability that is critical for expert 

auditing in safety-sensitive biological monitoring [37]. 

The Mamdani FIS operates through four components: (1) the fuzzifier, which transforms crisp 

sensor readings into membership degrees; (2) the rule base, encoding domain-expert knowledge as 

IF–THEN statements; (3) the inference engine, which applies fuzzy operators to compute rule firing 

strengths; and (4) the defuzzifier, which converts the aggregated fuzzy output into a crisp 

classification value [37]. 

3.7 Mamdani FIS Processing Stages 

Fuzzification transforms crisp IoT sensor measurements into membership degrees by evaluating 

each input against the membership functions of its linguistic variable. Each input is characterized by 

three overlapping terms. The trapezoidal membership function (trapMF) is parameterized by the 

vector [a, b, c, d] (a ≤ b ≤ c ≤ d) and computed as: 

f(x; a,b,c,d) = max(𝑚𝑖𝑛 (
(𝑥−𝑎)

(𝑏−𝑎)
, 1,

(𝑑−𝑥)

(𝑑−𝑐)
, 0))                 (1) 

This yields zero membership for x ≤ a or x ≥ d, a linearly ascending slope for a < x < b, a 

constant maximum of 1.0 for b ≤ x ≤ c, and a descending slope for c < x < d. For the Transfer-FIS, 

only the scalar coordinates (a, b, c, d) are shifted along the x-axis to align with tilapia tolerances, 

while the functional form of Eq. (1) is unchanged [24]. 

The inference engine evaluates each IF–THEN rule against the fuzzified input vector. For 

antecedents linked by AND, the firing strength αk is computed with the minimum T-norm: 

𝛼𝑘 = min(μA1(x1), μA2(x2), ..., μAn(xn))                                (2) 

The implication step clips each active rule’s consequent membership function at height αk using 

the Mamdani minimum (clipping) method: 

μoutput_k(y) = min(αk, μC(y))                                                                                      (3) 

Clipping was selected for its computational efficiency in embedded IoT deployments, consistent 

with prior Mamdani aquaculture monitoring implementations [25]. 

Aggregation combines all k active rule outputs with the fuzzy union (maximum) operator: 
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μAgg(y) = max(μoutput_1(y), …, μoutput_k(y))                                                                (4) 

 

The aggregate surface μAgg(y) is then defuzzified into a crisp scalar y* using the centroid-of-

area (COA) method, discretised over n uniformly spaced points: 

y* = 
∑(𝑦𝑗.𝜇𝐴𝑔𝑔(𝑦𝑗)

∑𝜇𝐴𝑔𝑔(𝑦𝑗)
, j = 1, ..., n   ... (5) 

The COA method was selected for its holistic integration of all active rule contributions and is 

applied consistently across the Transfer-FIS and the Scratch-FIS [26]. 

 

3.8 Theoretical Basis for Parameter-Level Transfer 

Under the definition of Pan and Yang [15], the source and target tasks here share the same 

feature space (pH, turbidity, temperature) and the same label space (Ideal/Non-Ideal); only the 

marginal distribution of the inputs and the conditional decision boundary differ because of species 

physiology. This is the setting in which parameter transfer is most effective [31], [32]: the 

macroscopic IF–THEN logic does not need to be reconstructed, and only the scalar thresholds that 

encode physiology require recalibration. This is operationalised as a +1°C elevation of the lower 

temperature boundary and a −50 NTU reduction of the turbidity shoulders (Table 2). 

 

3.9 Safety Criterion: Asymmetric Cost of Misclassification 

In aquaculture monitoring, misclassification errors carry asymmetric costs. A false negative, i.e., 

a genuinely Non-Ideal water state classified as Ideal, is the critical failure: automated alarms are 

suppressed, corrective action is delayed, and irreversible fish mortality may result. A false positive (a 

false alarm) costs an unnecessary inspection or water exchange but does not endanger the stock. 

Accordingly, minimisation of false negatives, equivalently maximisation of Non-Ideal recall, is 

adopted as the primary operational success criterion, consistent with the precautionary principle 

applied in safety-critical decision systems [32]. 

 

4 Results and Discussion 

4.1 Source Model Re-Evaluation (Catfish Domain) 

Re-scored under the harmonized threshold protocol (Section 3.1), the catfish source FIS achieved 

85.00% accuracy on the 20 real sensor samples, with macro precision 0.7500, macro recall 0.9118, 

and macro F1 0.7849. All three errors are false negatives: the samples with pH 6.00, 6.15, and 6.20 

fall in the overlap between the Acid and Neutral membership functions and are classified Ideal, 

whereas the harmonized rule labels them Non-Ideal. This boundary behaviour is expected of a fuzzy 

system and, importantly, marks the low-pH boundary as the region in which the source model is most 

permissive, which the transfer step must not inherit unchanged. 

     
Fig. 1 Water quality monitoring and control system: (a) device housing; (b) water tanks. 
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Fig. 2 Trapezoidal membership functions of the Transfer-FIS for (a) pH, (b) turbidity, and (c) 

temperature, parameterized with tilapia-specific thresholds (Table 2). 

 

4.2 Domain Shift Assessment (Unadapted Source-FIS on Tilapia) 

Applied directly to the tilapia dataset without adaptation, the source catfish FIS achieved 97.00% 

accuracy and macro F1 0.9595 (Table 4), reflecting the substantial overlap of the two species’ water-

quality envelopes. The six errors comprise four false alarms and two missed alarms (Table 5); the two 

missed alarms occur at turbidity values between 150 and 200 NTU, which are Ideal for catfish but 

Non-Ideal for tilapia. Species-specific threshold differences therefore introduce measurable and 

safety-relevant misclassification that targeted adaptation is expected to correct. 

4.3 Transfer-FIS vs. Scratch-FIS Performance 

Table 4 summarizes classification performance on the tilapia dataset and Table 5 gives the 

confusion-matrix counts with Non-Ideal as the positive class. The Transfer-FIS achieved 98.00% 

accuracy and the highest macro recall (0.9868), while the Scratch-FIS achieved marginally higher 

accuracy (98.50%) and precision (0.9903). The confusion matrices (Fig. 3) reveal the operationally 

most significant finding: the Transfer-FIS produces zero false negatives (all 48 Non-Ideal samples are 

flagged) at the cost of four false alarms, whereas the Scratch-FIS produces zero false alarms but 

misses three Non-Ideal samples. The adaptation step also removed both missed alarms of the 

Unadapted Source-FIS. In water-quality monitoring, missed alarms carry the highest operational risk 

because they suppress alerts during deteriorating conditions. 

 

Table 4 Classification performance on the tilapia dataset (200 samples; macro-averaged 

precision, recall, and F1) 

Model Accuracy Precision Recall F1-

Score 

Unadapted 

Source-FIS 
0.9700 0.9533 0.9660 0.9595 

Scratch-FIS 0.9850 0.9903 0.9688 0.9790 

Transfer-FIS 0.9800 0.9615 0.9868 0.9733 
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Table 5 Confusion-matrix counts with Non-Ideal as the positive class (48 Non-Ideal, 152 Ideal) 

Model TP FP (false alarm) FN (missed 

alarm) 
TN 

Unadapted Source-FIS 46 4 2 148 

Scratch-FIS 45 0 3 152 

Transfer-FIS 48 4 0 148 

 

 
Fig. 3 Confusion matrices on the tilapia dataset: Transfer-FIS (left) and Scratch-FIS (right). 

Rows are true labels; columns are predicted labels. With Non-Ideal as the positive class, the 

Transfer-FIS has FN = 0 and FP = 4; the Scratch-FIS has FN = 3 and FP = 0. 

 

4.4 Cross-Validation Results 

Stratified 10-fold cross-validation yielded mean accuracies of 0.9800 ± 0.0245 for the Transfer-

FIS and 0.9850 ± 0.0229 for the Scratch-FIS (paired mean difference 0.005 in favour of the Scratch-

FIS). The Wilcoxon signed-rank test did not detect a statistically significant difference (W = 2.0, p = 

1.000, α = 0.05), and the standardized effect size is small (Cohen’s d ≈ 0.21). It should be stressed that 

this result indicates that a difference could not be detected with ten folds, not that the two models are 

equivalent; a formal equivalence claim would require a two one-sided tests procedure with a pre-

registered margin and a larger number of folds [35]. Fig. 4 presents the fold-accuracy distributions. 

 
Fig. 4 Cross-validation accuracy distributions (10-fold). Wilcoxon signed-rank p = 1.000; 

Cohen’s d ≈ 0.21. 
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4.5 Performance Comparison Across All Models 

 
Fig. 5 Performance comparison (accuracy, macro precision, macro recall, macro F1) across the 

three models. 

 

4.6 Learning Curve Analysis 

Fig. 6 shows learning curves for both models as the tilapia training fraction increases from 10% 

to 100%. The Transfer-FIS reaches stable accuracy (~0.97) with as little as 10% of the data (20 

samples), whereas the Scratch-FIS requires a substantially larger fraction before its accuracy 

stabilizes. This property is particularly valuable in aquaculture, where labelled sensor data for a new 

species are scarce and expensive to collect, and it is the practical manifestation of the transfer-learning 

premise that source knowledge reduces the target-domain sample requirement [15], [31]. 

 
Fig. 6 Learning curve: Transfer-FIS vs. Scratch-FIS accuracy as a function of the training-data 

fraction. 

 

5 Discussion 

The results yield three principal findings. First, parameter-level fuzzy transfer performs on par 

with species-specific model design within the resolution of this experiment. The Transfer-FIS and 

Scratch-FIS produced cross-validation accuracies whose difference was not statistically detectable (p 

= 1.000, d ≈ 0.21), indicating that adapting the membership-function boundaries of an existing fuzzy 

model is sufficient to achieve comparable performance on a new target species. This is consistent with 

theory: both species share the same three monitored parameters and the same classification schema, 

which are the conditions under which parameter transfer is expected to be effective [15], [31]. 

Second, the Transfer-FIS exhibits a more favourable error profile for safety. Although the 

Scratch-FIS marginally outperforms it in overall accuracy (98.5% vs. 98.0%) and precision, the 

Transfer-FIS produces zero missed alarms whereas the Scratch-FIS misses three Non-Ideal states. A 

missed alarm is a failure to warn the farmer of deteriorating water, allowing quality to decline 

unchecked until fish health is compromised. The conservative behaviour of the Transfer-FIS, 

inherited from the catfish model’s rule structure and reinforced by the tightened turbidity shoulder, 
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provides an ecologically meaningful safety margin. The price is four false alarms in 200 samples 

(2%), an acceptable operational cost. 

Third, transfer learning reduces target-domain data dependency. The learning curves show that 

the Transfer-FIS reaches near-peak performance with 20 tilapia samples, while the Scratch-FIS 

requires proportionally more data to stabilize. This has direct implications for Indonesian aquaculture, 

where monitoring infrastructure for less-studied species may not yet support large data-collection 

campaigns. 

It is also notable that the unadapted catfish FIS already achieves 97.00% on the tilapia data, 

reflecting the ecological similarity of the two species. The incremental benefit of adaptation (97.00% 

to 98.00%) is modest in accuracy but decisive in safety terms: adaptation eliminated the two missed 

alarms of the unadapted model. 

What is the validity of the synthetic evaluation? The central methodological question is whether 

conclusions drawn on a literature-anchored synthetic dataset transfer to field conditions. Three 

arguments support a cautious positive answer. (i) The Transfer-FIS is knowledge-driven and was 

fixed before the data were generated, so the synthetic set functions as a verification test bench rather 

than as training data; its outcomes measure whether the transferred decision surface reproduces 

literature-defined tilapia tolerances across the full operating envelope, exactly as randomized 

simulation is used to verify controllers before deployment [16], [17]. (ii) The synthetic distribution is 

anchored to real ranges and to the noise of real sensors, and an independent model that never saw it 

(the Unadapted Source-FIS) behaves on it as ecological knowledge predicts. (iii) The approach 

follows Scopus-indexed precedent in medicine [18], smart farming [19], small-data aquatic modelling 

[14], and tilapia decision support specifically [20]. The residual reality gap, arising for example from 

sensor drift, biofloc-induced turbidity dynamics, and diurnal correlation among parameters that 

independent sampling does not capture, cannot be quantified without field data. Consequently, the 

claims of this paper are limited to the transferability of fuzzy decision logic under literature-defined 

conditions; absolute field accuracies should not be inferred from the reported values. 

Limitations are known. The tilapia dataset is synthetically generated (Section 3.2) rather than 

collected in an active biofloc pond, and field validation is required to quantify the reality gap. The 

catfish source dataset comprises 20 samples from a single monitoring day, limiting the diversity of 

environmental conditions captured. The cross-validation comparison has limited statistical power (ten 

folds), so the absence of a detected difference should not be read as equivalence. Finally, only three 

parameters are monitored; dissolved oxygen and total ammonia nitrogen would provide a more 

comprehensive biofloc water-quality model. 

 

6 Conclusion 

This study presented a transfer-learning framework for water-quality classification in tilapia 

(Oreochromis niloticus) biofloc systems, using a validated catfish (Clarias gariepinus) fuzzy inference 

system as the source-domain model. The Transfer-FIS adapts the source model’s membership-

function boundaries to tilapia physiological thresholds without modifying the rule base or inference 

structure, and was evaluated on a literature-anchored synthetic test bench whose validity is argued 

from the knowledge-driven nature of the FIS, from simulation-to-real precedent, and from consistency 

checks against a model designed on real data. 

Key findings are as follows. First, the Transfer-FIS achieves 98.00% accuracy and macro F1 = 

0.9733; no statistically significant difference from the Scratch-FIS (98.50%, F1 = 0.9790) was 

detected (Wilcoxon p = 1.000, Cohen’s d ≈ 0.21). Second, with Non-Ideal as the positive class, the 

Transfer-FIS produces zero false negatives (missed alarms), the safety-critical error in aquaculture 

monitoring, whereas the Scratch-FIS produces three. Third, the Transfer-FIS reaches near-peak 

performance with as few as 20 tilapia samples. Together these results indicate that parameter-level 

fuzzy transfer is a viable, data-efficient, and operationally conservative strategy for extending 

aquaculture monitoring systems across fish species. 

The practical contribution is significant in resource-limited aquaculture: operators with an 

existing fuzzy monitoring system for one species can adapt it to a new species by recalibrating 

membership-function boundaries from published literature, without a complete redesign or a large 
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data-collection campaign. This is particularly relevant in Indonesia, where catfish and tilapia are both 

widely cultivated but monitoring systems have historically been developed in isolation. 

Future work includes: (1) validation on IoT-collected tilapia sensor data from operational biofloc 

farms to quantify the synthetic-to-field reality gap, with equivalence testing at a pre-specified margin; 

(2) extension of the parameter set to dissolved oxygen and total ammonia nitrogen; (3) evaluation of 

the framework for additional species such as freshwater prawn (Macrobrachium rosenbergii); and (4) 

automated membership-function adaptation using metaheuristic optimization to reduce the manual 

domain-expertise requirement. 
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